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Scheduled Autoscaling of Virtual Servers
by Access Frequency Prediction
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Abstract: Web service providers need to run minimal number of virtual servers while maintaining the
processing performance, to suppress the usage fee of the cloud computing services with metered billing. De-
termining appropriate autoscaling indicator, however, is difficult for complicated Web applications. In this
report, we propose scheduled autoscaling of the virtual server which calculates the number of virtual servers
considering the usage fee from the predicted access frequency, by using the throughput value as an indica-
tor which is unaffected by the Web application complexity. Our method maintains the prediction accuracy
by reflecting unsteady factors affecting access frequency based on the Web service providers expertise, and
enables stable and efficient operation while keeping steady load of virtual server.
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Fig. 1 Data examples of learning access frequency prediction

model.
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def run_training():
X, y, min, max = load_dataset(FLAGS.time_steps)
input_size = X.shape[2]
if input_size > 1:
mat_min = np.zeros([1, FLAGS.time_steps, input_size],
dtype=np.float32)
mat_min[:,:,0] = min
mat_max = np.full((1, FLAGS.time_steps, input_size),
1.0, dtype=np.float32)
mat_max[:,:,0] = max
(X_train, X_test), (y_train, y_test) = split_dataset(X,
y, 0.1)

with tf.Session() as sess:
# train
K.set_session(sess)
model = Sequential()
model.add(Lambda(tf_normalize, arguments={
’min’: min if input_size == 1 else mat_min,
’max’: max if input_size == 1 else mat_max
}, batch_input_shape=(None, FLAGS.time_steps,
input_size)))
model.add (LSTM(FLAGS.hidden_units,
return_sequences=False))
model.add(Dense (1))
model.add(Activation("linear"))
model.compile(loss="mean_squared_error",
optimizer="adam")
model.fit(X_train, normalize(y_train, min, max),

epochs=FLAGS.epoch, validation_split=0.05)

# export

keys_placeholder = tf.placeholder(tf.string,
shape=[None])

keys = tf.identity(keys_placeholder)

tensor_min = tf.fill(tf.shape(model.output), min)

tensor_max = tf.fill(tf.shape(model.output), max)

inputs = {’key’: keys_placeholder,
’recent_access_counts’: model.input}

outputs = {’key’: keys, ’access_count’: model.output,

‘min’: tensor_min, ’max’: tensor_max}

export(sess, inputs, outputs, FLAGS.model_dir)

o J

B 2 Keras & 27 72 ZHETUE T AHEFD Python % fli>
7o SEEEH

Fig. 2 Implementation examples of building access frequency

prediction model using Python and Keras.
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lating the number of virtual servers.
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Fig. 4 Comparison of prediction access frequency by unsteady factors.

o Access frequency {normalized) I Number of servers o Access frequency {normalized) 1 Number of servers
Group A (Before) Group A (After)
25 08 25
20 20
06
15 15
0.4
10 10
0z
5 5
a a
2017-05-08 13:00:00 2017-05-08 22:00:00 2017-05-08 07:00:00 201 ?-85-]5 13:00:00  2017-08-15 22:00:00  2017-08-16 OF7:00:00
© Access frequency (normalized) [0 hurnber of servers © Access frequency {normalized) I Mumnber of servers
Group B (Before) Group B (After)
08 100
L ]
06 § 75
.
04 50
.
.
L ~C . &
bl
0z Py ® 25
i- .i
[ ] -
.
o

4]
201 T-SE-DB 130000 2017-05-08 22.00:00 2017-05-00 070000 2017-05-15 13:00:00 2017-05-15 22:00:00 2017-05-16 07:00:00

5 Y —NEHROHER

Fig. 5 Changes in the number of virtual servers.
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